Background
Breast cancer is the most common malignant disease in women, occurring more frequently in developed countries [1] . Neoadjuvant chemotherapy, also called pre-operative chemotherapy, is now widely used in the treatment of breast carcinoma. It has several potential advantages compared with the traditional strategy of surgery followed by adjuvant chemotherapy. Neoadjuvant chemotherapy substantially reduces the size of the primary tumor and lymph node metastasis in more than 80% of cases, and increases the probability that breast-conserving surgery can be performed instead of mastectomy [2] . Neoadjuvant chemotherapy is also a valuable research tool for the discovery of predictive markers of chemotherapy response.
Clinicians have long recognized the heterogeneity of human breast cancers, not only in terms of their diverse natural histories despite identical morphological features, but also in their varied response to treatment [3] .
Unfortunately, little progress has been made regarding new prognostic and predictive markers that can assist oncologists in treatment decision-making for breast cancer. Generally accepted prognostic and predictive factors include age, tumor size, lymph node status, histologic tumor type, grade, mitotic rate, Her2 and hormone receptor status [2, 4, 5] . In general, the poor prognostic features include young age (<35 years), high tumor grade, large size (>2 cm), nodal involvement, lack of hormone receptor expression, and the overexpression of Her2. Other negative features are a high proliferative rate and the presence of lymphovascular invasion [6] .
Until the development of microarray techniques in the late 1990s, the main approach used for identifying prognostically significant groups consisted of testing 1 or several markers in a group of patients [7] . However, no single tumor marker has been shown to possess a sufficient predictive value to render it clinically useful [8, 9] . To achieve a greater predictive value, multiple markers need to be examined and correlated with the response of tumor cells to the treatment. The development of microarray technology has provided us with just such an opportunity. Molecular profiling has identified at least 5 breast cancer subtypes: luminal-A, luminal-B, Her2-overexpressed, basal-like, and normal breastlike [10, 11] . These tumor subtypes have diverse disease biology, behavior, relapse risk, and therapy sensitivity [12, 13] .
Clinicians also have other tools based on microarray technology to assist in treatment decisions for breast cancer patients. The most recent St. Gallen consensus panel agreed that validated multigene tests (OncotypeDX and Mammaprint) could assist in deciding whether to add chemotherapy in cases where its use was uncertain after the consideration of conventional markers. On the other hand, molecular-based technologies are not regarded by the panel as sufficiently reliable yet to make a definitive contribution to the therapeutic decision [14] .
The present study was aimed at the investigation of biomarkers that can predict a pathologic response to therapy, and included 16 patients with invasive breast carcinoma, who had undergone neoadjuvant chemotherapy and subsequent surgery (lumpectomy or mastectomy) at the General University Hospital (Prague, Czech Republic). In all cases, the expression profile of 84 key apoptosis genes was evaluated both in pre-therapeutically obtained tumor tissue from a core needle biopsy and in specimens removed during final surgery, using a real-time PCR assay.
Material and Methods

Patients and treatment
This study included 16 patients, all female, aged 52±11 (mean ±standard deviation) years, neoadjuvantly treated for breast carcinoma at the General University Hospital (Prague, Czech Republic) between 2005 and 2010. Two patients (12.5%) had a stage I tumor, 9 patients (56.2%) stage II, 3 patients (18.8%) stage III, and 2 patients (12.5%) stage IV. The scheme of neoadjuvant chemotherapy is summarized in Table 1 .
In all cases, tumor tissue was obtained from both a diagnostic core needle biopsy and from specimens removed during final surgery (lumpectomy or mastectomy).
Histological evaluation
The specimens from the core needle biopsy and surgery were fixed in 10% formalin and embedded in paraffin wax. The histological evaluation was done on slides routinely stained with hematoxylin and eosin (HE). Tumor stage was determined according to WHO guidelines [15] regarding the usage of clinical data. The molecular classification of the tumors was based on the immunohistochemical profile of Her2, ER, PR, CK5,6, CK8 and CK18 [16] . After the histological evaluation, areas of eventual tumor necrosis were macro-dissected using a scalpel.
Immunohistochemistry
Immunohistochemistry was performed using the avidin-biotin complex (ABC) method as was described in our previous work [17] . Primary antibodies were applied against c-erbB-2 protein (1:100, clone 5A2, Novocastra); ER (1:20, clone ER-6F11, Novocastra); PR (1:100, clone PGR-312, Novocastra); Ki-67 (1:50, clone MIB-1, DakoCytomation); CK5,6 (1:50, clone D5/16B4, DakoCytomation), CK8 (ready to use, clone 35bH11, DakoCytomation), CK18 (1:50, clone DC10, DakoCytomation) and cleaved caspase-3 (1:250, Asp175, Cell Signaling Technology, Beverly, MA, USA). In the case of active caspase-3, antigen retrieval was performed with a 10 mM sodium citrate buffer (pH 6.0) in a water bath for 40 minutes.
TUNEL assay
Terminal deoxynucleotidyl transferase-mediated dUTP nick-end labeling (TUNEL) was performed with a fluorometric TUNEL system (Promega, Madison, WI, USA) according to the manufacturer's protocol. In brief, the tissue sections were treated with 20 µg/ml of proteinase K for 20 minutes and then incubated in a nucleotide mixture containing fluorescein-12-dUTP and TdT (terminal deoxynucleotidyl transferase) for 1 hour at 37°C. Positive controls were pretreated with 1 U/ml of DNase, and negative controls were incubated without the TdT enzyme. The fluorescein-12-dUTP-labeled DNA was observed using a Provis AX70 (Olympus, Japan) fluorescence microscope. TUNELpositive nuclei were expressed as a percent of the total nuclei (DAPI-positive) per slide.
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RNA isolation and cDNA preparation
Deparaffinized slides of formalin-fixed, paraffin-embedded tissues, the isolation of total RNA and the synthesis of cDNA were performed by standard procedures described in our previous work [18] .
In brief, total RNA was extracted using an RNeasy Micro Kit (Qiagen); reverse transcription was performed by a RevertAid -First Strand cDNA Synthesis Kit (Fermentas), which employs a random hexamer primer and MoloneyMurine Leukemia Virus (MMLV) reverse transcriptase.
Real-Time PCR assay (Gene expression profiling)
The gene expression of 84 key apoptosis genes was profiled by the RT 2 Profiler Apoptosis PCR Array (PAHS-012, SABioscience, Frederick, MD, USA). RT-PCRs were performed in a 96-well plate format using a LightCycler 480 (Roche Applied Science) according to the manufacturer's instructions (SuperArray Bioscience). In brief, approximately 500 pg RNA was first converted to cDNA by using an RT 2 First Strand Kit (C-03, SuperArray Bioscience), then the cDNA was pre-amplified using an RT² Nano PreAMP Kit (C-06, SuperArray Bioscience) and a Nano PreAMP Human Apoptosis Primer Mix (PBH-7012, SuperArray Bioscience). Finally, PCR reactions were performed using real-time PCR with an RT 2 Real-Time SYBR Green PCR master mix PA-010; SuperArray Bioscience). The total volume of the PCR reaction was 25 µL. An equivalent of 5 pg of RNA was applied to the PCR reaction. The thermocycler parameters were 95°C for 10 minutes, followed by 45 cycles of 95°C for 15 seconds, and then 60°C for 1 minute. All data was analyzed by an RT2 Profiler PCR Array Data Analysis Template v3.0 (SABioscience) and relative changes in gene expression were calculated using the DDCt (cycle threshold) method [19] . An average of the number of cycles of the 5 housekeeping genes -b-2-microglobulin (B2M), hypoxanthine phosphoribosyltransferase 1 (HPRT1), ribosomal protein L13a (RPL13A), glyceraldehyde-3-phosphate dehydrogenase (GAPDH), and b-actin (ACTB) -was used to normalize the expression between samples, and a 2.0-fold change in gene expression was used as the cut-off threshold to determine up-or down-regulation, as previously described by Li et al. [20] . In each case, the difference in gene expression between the tumor before and after treatment was calculated.
Statistical analysis
Statistical analysis was performed using programs RT2 Profiler PCR Array Data Analysis Template v3.0 (SABioscience) and Statistica v9.1 (StatSoft, Czech Republic).
The Student's t test was used to evaluate the statistical significance of the results. Differences with P values <0.05 were considered significant.
results
Histologic findings, tumor staging
Out of the 16 patients, 13 (81%) had infiltrating ductal carcinoma, and 3 (19%) had infiltrating lobular carcinoma. Tumor stage was determined both before therapy and after therapy (Table 1 ). In the pre-therapeutical investigation, 2 patients (12.5%) had tumors of stage I, 9 patients (56.2%) stage II, 3 patients (18.8%) stage III, and 2 patients (12.5%) stage IV. In post-therapeutical investigation, 6 (37.5%) patients had tumor stage I, 5 (31.25%) patients stage II, 2 (12.5%) patients stage III, 2 (12.5%) patients stage IV, and 1 (6.25%) patient stage 0. These results indicate tumor reduction and a decrease of tumor stages after therapy in 8 patients (50%). No significant change was observed in 4 patients (25%). A progression of disease was found in 4 patients (25%). In 4 patients (25%) a pathologically complete response (pCR) was observed. Surprisingly, not only tumors differing in the stage of the disease, but also tumors of the same histology and stage (cases No. 4 vs. 6 and No. 14 vs. 16; see Table 1 ) reacted differently to neoadjuvant therapy. Disease progressed early in cases No. 6 and 16 (data not shown).
Immunohistochemistry
The molecular classification of the tumors was determined on the basis of the immunohistochemical profile of Her2, ER, PR, CK5,6, CK8 and CK18. Subsequently, we investigated Ki-67 proliferation index. The status of all markers was determined both before and after the treatment, which allowed us to compare the differences among patients in each group and also the changes in expression after the treatment. The detailed outcome is shown in Table 1 (for CK5,6, CK8 and CK18 data not shown) along with the results of TUNEL and anti-active caspase 3 assay.
Cleaved Caspase-3 Immunohistochemistry and TUNEL assay
The role of apoptosis in the regression of tumors after neoadjuvant chemotherapy was determined by 2 independent methods: anti-active caspase 3 assay and TUNEL. The activated caspase-3 antibody selectively labeled the cytoplasm of cells ( Figure 1A, B) , whereas the TUNEL assay showed specific nuclear staining ( Figure 1C, D) . The cells had morphology consistent with apoptosis ( Figure 1B, D) .
The apoptotic index (AI), exactly caspase-3 labeling index and TUNEL labeling index were used as quantitative measures of apoptosis in histologic sections as previously reported by Duan et al. [21] . The AIs calculated from these methods showed a similar pattern (Table 1) with good correlation between the TUNEL AI and caspase-3 AI (R=0.95), suggesting that these 2 method are highly comparable for the detection of apoptotic cells.
In 1 patient (6.3%) a dramatic decrease of AI was observed after the treatment. In 2 cases (12.5%) we found considerable increased AI after the treatment (Table 1 ). In 8 cases (50%), minor changes (up to 5%) of the AI were observed after the treatment. For technical reasons, 1 TUNEL and 3 activated caspase-3 assays were not evaluated. 
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Gene expression profiling
In each case, the transcriptional profile of 84 key apoptosis genes was evaluated by using real-time PCR assay.
Firstly, we analyzed all pretreatment samples compared with the control group of 4 cases with pCR, which we selected as a standard of good responders. From the pool of 84 genes, only 13 were significant (p<0.05) across all samples. We analyzed the significant data by hierarchical cluster analysis, which divided patients into 2 groups (Figure 2) . One group had a transcriptional profile more similar to patients with pCR than the rest of the cases that we included in the second group. These 2 groups of patients correlate well with progression-free survival ( Figure 3 ) and therefore these groups of patients could be identified as good and poor prognosis groups.
Finally, we analyzed changes in expression of individual genes before and after the treatment. In the good prognosis group we found a statistically significant down-regulation of the expression of MCL1 and IGF1R genes after neoadjuvant treatment. We also found a statistically significant overexpression of BCL2L10, BCL2AF1, CASP8, CASP10, CASP14, CIDEB, FADD, HRK, TNFRSF25, TNFSF8 and CD70 genes. In contrast, we found an up-regulation of Surprisingly, none of these criteria significantly correlated with the clinical outcome in our study. When the St. Gallen risk categories were analyzed, no significant difference in overall survival and progression-free survival was seen (data not shown). Moreover, the high-risk group identified by the St. Gallen criteria included patients with a pathologically complete response and a good outcome. Similar findings were described by Bauer et al. [22] , who found that there was very little difference between the low risk and intermediate risk categories when using a 5-year relative survival rate as the single principal criterion. In addition, other indicators, namely proliferation and the apoptotic index, did not correlate with the longer clinical outcome in our study. On the other hand, they correlated well with the regression of the tumor after primary chemotherapy.
Her2, ER and other molecular markers have become important predictive factors with the development of tailored therapies targeting specific molecules. For example, Her2 positivity predicts a response to trastuzumab, and estrogen receptor positivity predicts a response to hormonal therapy [23] . On the other hand, there are no clinically useful predictive markers of response to conventional chemotherapy [24] .
Because many cancer therapies induce classic apoptosis [25] , we assume that the regression of tumors after neoadjuvant treatment is executed predominantly by programmed cell death, despite different chemotherapy agents. However, programmed cell death takes many forms distinct from classical apoptosis. Apoptosis-like programmed cell death refers to a cell death process that has similar hallmarks of apoptosis, such as chromatin condensation and the appearance of phosphatidylserine on the outer leaflet of the cell membrane, but not necessarily requiring caspase activity [26] . Necrosis-like programmed cell death describes programmed cell death that does not include chromatin condensation and has varying degrees of other apoptotic features. Caspase-1 and caspase-8 have been implicated in some cases of this type of programmed cell death [26] . Paraptosis describes a cell death that requires gene expression but morphologically does not resemble either apoptosis or necrosis [27] . Unlike necrosis, all of these forms of cell death are programmed because they require gene expression.
In this study, we focused on the end-point of therapy, that is, the death of malignant cells. However, the complexity of apoptosis regulation and the large number of molecular players in the apoptotic signaling pathways result in a crossover of death pathways [26] , which may lead eventually to a different phenotypic pattern. Moreover, caspaseindependent death or time from death stimulus might explain the low apoptotic index in the good prognosis group.
In spite of the above, or because of it, we determined the expression profile of 84 key apoptosis-associated genes in all tumors, and on this basis we have developed the 13 apoptosis-associated genes expression assay which may be Among these genes  are MCL1, BCL2L10, BCL2AF1, CASP8, CASP10, CASP14,  CIDEB, FADD, HRK, IGF1R, TNFRSF25, TNFSF8 and CD70. An understanding of how these molecules interact gives us an insight into breast cancer biology and allows the development of therapeutics able to induce or modulate the pathway leading to the death of malignant cells.
Apoptosis can be induced in response to many external stimuli, including the activation of cell surface receptors such as Fas, TNFR family members and others [27] . These "death receptors" have 2 distinct signaling motifs -death domains and death effector domains -that allow them to interact with other proteins involved in the apoptosis cascade. The Fas-associated death domain protein (FADD) binds to the ligand-bound receptor through its C-terminal death domain, which leads to the activation of procaspase 8. Caspase 8 is involved in initiating apoptosis induced by Fas and various apoptotic stimuli [28] and is known as an "initiator caspase". It can activate the effector caspases, including caspase 3, 10 and 14, by proteolytic processing. Once caspase 3 is activated, it cleaves downstream targets and irreversibly directs the cell to the apoptotic death. The changes in expression of Bcl2 family members (MCL1, BCL2L10 and BCL2AF1) suggest that not only are the death receptors pathways activated, but the mitochondrial apoptosis pathway also play a role in the chemotherapy treatment. A product of the Harakiri (Hrk) gene is a regulator of cell death that physically interacts with death-repressor proteins Bcl2 and BclX(L), and forms inactive complexes of Bcl2-Hrk and/or BclX(L)-Hrk [29] . In breast cancer, the overexpression of IGF1R and the activation of its downstream signaling molecules have been linked to an inhibition of apoptosis, disease progression, increased resistance to cytotoxic chemotherapeutic drugs or radiotherapy, and to poor prognosis [30, 31] . CIDEB is a member of the CIDE (cell death-inducing DFF45 [DNA fragmentation factor 45]-like effector) family of apoptosis-inducing factors [32] . The N-terminal region of CIDEs is homologous to the CIDE-N domains in DFF40/CAD (caspase-activated nuclease) and its inhibitor (DFF45/ICAD [inhibitor of CAD]), which are 2 subunits of the DFF complex [33, 34] . Cleavage of DFF45/ICAD by caspase 3 releases DFF40/CAD from the complex, which leads to DNA fragmentation and nuclear condensation [35] [36] [37] .
Although the precise pathway leading to the chemotherapy-induced cell death is still unclear, it is not surprising that various kinds of molecules -from receptors through caspases to molecules that provide DNA fragmentation -play a significant role. Changes in the expression of these molecules inform us about the nature and sequence of intracellular events leading to programed cell death, show potential therapeutic targets, and reveal the strategies of cancer cells to escape apoptosis.
conclusions
In order to devise effective, rational treatments, we need a reliable tool for predicting response to the treatment. As we have shown, gene expression profiling after neoadjuvant chemotherapy is a valuable research tool for investigating molecular markers, which may better reflect tumor biology and treatment response than standard prognostic and predictive factors. Moreover, a pathway-focused realtime PCR assay provides a cheaper alternative to microarrays, which allows easier implementation in clinical practice. However, larger groups of patients need to be studied to verify our findings.
